Many owner organizations use manual, visual methods for evaluating the condition of infrastructure. However, manual, visual evaluation is labor-intensive, time-consuming, and potentially dangerous. Advances in remote sensing technology, such as high-resolution, multi-spectral digital aerial photography and high-resolution airborne LiDAR provide new methods for collecting condition information on infrastructure assets that can be used for infrastructure management. To evaluate the potential for using remote sensing technology for infrastructure management, we compared data extracted from aerial photos and LiDAR with reference data on pavement surface conditions that were collected manually. The statistics of the spectral response of the bands within the digital aerial photographs and the elevation within the airborne LiDAR were extracted and correlated to the reference data using stepwise linear regression models. The results show that the spectral response in digital aerial photographs of 0.1524-meter (6-inch) resolution and 1-meter resolution with an infrared band closely match the reference data. The results also show that the elevation response in airborne LiDAR of 1-meter resolution closely match the reference data. These results open the way for the future use of digital aerial photographs and LiDAR to remotely assess the infrastructure system conditions.
INTRODUCTION
The ability to assess the condition of infrastructure systems (e.g., roads, bridges, buildings, and dams) is critical to making decisions within any infrastructure management system. Traditionally, infrastructure assessment is performed with "boots on the ground" by having experts visually inspect the condition of infrastructure systems. Unfortunately, it is often difficult, unsafe, labor-intensive, and time-consuming to assess infrastructure sites manually. In these situations, we must either delay the assessment until the site is safe and accessible or we must assess conditions using remote methods. One of the most common forms of remote condition assessment is the use of aerial photography or satellite images to detect the condition of earthquake-induced collapsed buildings.
A decade ago, due to low spatial and spectral resolution, digital aerial photography and satellite images could only be used to detect coarser infrastructure conditions. Recent advances in remote sensing technology, such as high spatial resolution, multispectral digital aerial photography and high spatial resolution airborne LiDAR provide new methods for collecting much finer scale infrastructure system condition data.
BACKGROUND
Subjective, slow, and inaccurate condition assessment is the most critical technical barrier to effective management of infrastructure systems (Clinton and Gore 1993; Aktan et al. 1996) . Therefore, objective, rapid, and accurate assessment of infrastructure conditions is very important to strive towards. Historically, infrastructure condition assessment was conducted visually, on the ground, with subjective judgment (Aktan et al. 1996) . However, this approach is time-consuming, subjective, and potentially dangerous. To respond to these limitations, remote sensing technologies offer a potential alternative for infrastructure condition assessment.
Past studies of applying remote sensing techniques to infrastructure condition assessment focused on detecting coarser infrastructure conditions affected by natural disaster such as earthquake-induced infrastructure damage (i.e., collapsed buildings and landslides) (Estrada et al. 2001; Turker and San 2003; Bitelli et al. 2004; Matsuoka and Yamazaki 2004; and Yano et al. 2006 ). In addition several researchers are focusing on automatic detection of damage using various types of remote sensing platform data (Rezaeian and Gruen 2007; Samadzadegan and Rastiveisi 2008; Turker and Cetinkaya 2005; and Rezaeian and Grun 2011) .
Previous studies of using high-resolution remote sensing data for finer infrastructure condition assessment are limited. In the 1960s and 1970s, research was focused on the visual interpretation of physical surface cracks (Stoeckeler 1968; Stoeckeler 1970 ). Most recently, Chen et al. (2011) proposed a method of applying small-format aerial photography to detect large cracks on bridge pavement. Karimi and Liu (2012) developed an automated method which can be used to extract road data from high-resolution satellite images for geospatial information systems. However, these data are expensive to contract to fly and collect or to acquire from commercial vendors (i.e. DigitalGlobe and Quickbird).
Recent advances in remote sensing offer the potential to obtain high resolution and multiple spectral aerial photographs and airborne LiDAR. For example, all counties in the state of New Mexico have been covered by one-meter color-infrared aerial photographs, and a few counties have been photographed through 0.1524-meter (6-inch) natural color photography. These data are free to the public for civil usage. High resolution natural color, color-infrared aerial photographs, and airborne LiDAR contain a large amount of detailed ground information, and at the same time cover a large area. The availability of this type of high-quality data makes possible research into remote sensing for infrastructure management.
The research described here is focused on the feasibility of analyzing digital aerial photographs and airborne LiDAR to determine asset conditions. The research approach focuses on detection of an overall distress rate for pavement surface conditions as opposed to identification of individual pavement distresses such as transverse cracking or alligator cracking. The evaluated assets in this study are highway pavements. Since the analyses (e.g. image processing algorithms) of the obtained high resolution aerial photographs and LiDAR are not subjective, laborintensive, or dangerous, it is considered an effective alternative or supplement for manual condition assessment methods.
METHODOLOGY
The methodology utilized in this study consists of four steps: (1) data acquisition and preparation; (2) data processing; (3) linear regression model development; and (4) cross-validation of the established regression model.
Step 1 (Data Acquisition and Preparation)
Reference data on pavement surface condition were acquired from records of manual pavement evaluations conducted for the New Mexico Department of Transportation (NMDOT) during the summers of 2009 and 2011. The reference data are all from flexible pavements (i.e. asphalt pavements), since most of the pavements in New Mexico are of this type. For flexible pavements, the NMDOT data include the following types of distresses: 1) Raveling & Weathering; 2) Bleeding; 3) Rutting and Shoving; 4) Longitudinal Cracking; 5) Transverse Cracking; 6) Alligator Cracking; 7) Edge Cracks; and 8) Patching.
Each study site's overall distress rate (ODR) can be calculated based on the following equation:
Where i represents each of the eight distresses, denotes severity rating,  indicates extent rating, and  represents weighting factor for each type of distress.
The weighting factors for the each of these distresses were provided by NMDOT and are 3, 2, 14, 12, 12, 25, 3, and 2, respectively. The lower the ODR value, the better the pavement condition. ODR for the comparison with digital aerial photography data were calculated based on a revised NMDOT manual data collection protocol which does not include rutting and shoving distress. This makes the utilization of aerial photographs to detect distresses possible since elevation information cannot be found in a typical digital aerial photograph (the exception is the stereoscopic aerial photographs). ODR for the comparison with airborne LiDAR data were calculated based on the previous NMDOT manual data collection protocol which includes rutting and shoving. This makes the utilization of airborne LiDAR to detect distresses possible since elevation information can be found in airborne LiDAR data.
Twenty data comparison sites were selected for digital aerial photography. These sites were selected because they belong to a set of pavement sections regularly evaluated as part of the NMDOT pavement evaluation program. Matching digital aerial photographs of the 20 individual study sites were obtained from the University of New Mexico (UNM) Earth Data Analysis Center (EDAC). Two sets of the matching aerial photographs were acquired. The photographs were taken in MarchApril 2010 and were matched with the manually-collected pavement condition data collected in the summer of 2009. This was the closest time match between the aerial photographs and the pavement condition data available. Because the time elapsed between the collection of the pavement condition data and aerial photographs used for comparison was less than a year, we assume that no significant change occurred at the site. The second set of photographs is ortho-corrected color-infrared aerial photographs with a spatial resolution of 1 meter. The photographs were taken in May-June 2011 and were matched with the manually-collected pavement condition data collected in the summer of 2011. All of the 1 meter photographs have four spectral bands which include visible blue, visible green, visible red, and near-infrared. These images have been taken approximately at the same time (10:00 am in the morning) and therefore, the effect of brightness and contrast of aerial photographs was not considered in this study.
An airborne LiDAR dataset was acquired with a spatial resolution of 1 meter which covers the Middle Rio Grande River area were also obtained from EDAC. The vertical resolution has a reported vertical accuracy of 5 centimeters. One hundred and five comparison sites were selected because they had matching LiDAR data from February 2010 and NMDOT data from the summer of 2009. This was the closest time match between airborne LiDAR data and the assessed pavement condition data available. Because the time elapsed between the collection of the pavement condition data and airborne LiDAR used for comparison was less than a year, we assume that no significant change occurred at the site.
Step 2 (Data Processing)
This phase focused on digital aerial photography and airborne LiDAR data processing. Different processing steps were applied to these two types of data.
(1) Digital Aerial Photography
For each study site, evaluation polygons were created to simulate the manual data collection zones. The data on actual pavement conditions were collected on short sections (161 meters [530 feet]) of pavement located at specific mileposts. In order to identify the evaluation zone of each milepost on the digital aerial photographs, a buffer of 161 meters (530 feet) was created around each individual milepost in the aerial photographs.
A single aerial photograph may not be able to cover the whole evaluation zone of a specific milepost, and in this case, two or more aerial photographs are needed. When multiple aerial photographs are used, it is necessary to create an image mosaic of the aerial photographs. The images were combined together with the mosaic tool provided by ERDAS IMAGINE 2011. Through this program, there are several options available for seamline generation. Based on image characteristics of overlaid large areas, we selected the overlay-based option to base the seamline generation directly on the active area of each input image. The image on top will use its entire active area as the seam polygon.
When creating the evaluation polygons, some features on the road surface such as center lines, solid white shoulder stripes, other pavement markings, overpasses, power pole shadows, and vehicles were excluded since they are considered to be noise.
Each band of the digital aerial photography was extracted. A single multipleband aerial photograph captures specific information within certain spectrums, and therefore, it is necessary to analyze one band at a time. In addition, different distress conditions have different characteristics of spectral response. Furthermore, the current available zonal statistical analysis tool can only analyze one band at a time.
Only the spectral response data within the evaluation polygons are useful for this research. Therefore, global statistics about the cells within a specific zone in a grid (in this case it is an aerial photo) were extracted (using all the cells within the evaluation polygon as samples to calculate the statistics). The available statistics for the cell values within the evaluation polygons are mean, median, standard deviation, variety, majority, minority, maximum, minimum, range, and sum. The statistics for each study site were then merged together and exported as an Excel file.
(2) Airborne LiDAR
The acquired raw airborne LiDAR was first converted to a LAS dataset. LAS format is a binary format which can maintain information specific to the airborne LiDAR nature of the data while not being overly complex. It was necessary to combine all the LAS files into a LAS dataset since one LAS file can only cover a small portion of the ground. Then a digital terrain model (DTM) was created from the combined LAS file. DTM is a digital representation of a terrain's surface, and it can be represented as a raster (a grid of cells) or as a vector-based triangular irregular network (TIN). In this research, the created DTMDTM is represented as a raster since this format is effective for extracting composite elevation statistics.
The cell values of the DTM were obtained using the points that fall in the extent of the cell, with the exception of cells that do not contain points in their extent. Five methods are available to define the value for any cell that contains points within it extent, including average, minimum, maximum, Inverse Distance Weighting (IDW), and nearest. The minimum option was selected as the cell assignment technique since this technique will assign the minimum value of all points to the cell. This further eliminated the noise such as vehicles to ensure the DTM is a representation of the bare ground. In addition, this ensured the DTM contains the information of cracks on the pavement surface. No data will be assigned for a cell that does not have points within its extent. The cell size used in this research is 1 meter (3.28 feet) to match the raw airborne LiDAR dataset. Output raster used an appropriate integer bit depth. This option rounded elevation to the nearest whole number and assigned an integer to each raster cell value. Integer values were used in this study because statistics extraction tool does not work with float values.
For each study site, evaluation polygons were also created to simulate the manual data collection zones. It is the same as the section in digital aerial photography. When creating the evaluation polygons, overpasses, center lines, solid white shoulder stripes, other pavement markings on the ground were excluded since they are considered as noise. Some other features such as power pole shadows were excluded since they could not be detected by the airborne LiDAR, considering they do not have any elevations. Vehicles were also not excluded since theoretically they should not appear in the bare earth airborne LiDAR data.
Only the elevation data within the evaluation polygons are useful for this research. The statistics about the cells within the evaluation polygons were extracted. The available statistics have been aforementioned. The statistics for each study site were then merged together and exported as an Excel file.
Step 3 (Linear Regression Analysis)
Linear regression was employed in this research to model the relationship between the scalar dependent variable -the reference overall distress rate (ODR) -and several explanatory variables.
(1) Digital Aerial Photography
Four statistical indices, including mean, median, standard deviation, and variety, were selected as the explanatory variables based on expert consultation. Two regression models were built based on ground truth data and statistics extracted from digital aerial photos. There are 12 explanatory variables in the 0.1524-meter (6-inch) regression model since there are three bands and each band has four statistics values. Likewise, since there are four bands and four statistical values for each, there are 16 explanatory variables in the 1 meter regression model.
At this stage, the assumption was that all of these explanatory variables have a linear relationship with the ODR. Therefore, collinearity diagnostics were needed to ensure no exact or approximate linear relationship among explanatory variables.
Stepwise linear regression was used to remove some variables since a linear relationship existed among the variables.
(2) Airborne LiDAR
Two statistical indices, including standard deviation and variety were selected as the explanatory variables based on expert consultation. A simple linear regression model was built based on ground truth data and the statistics extracted from airborne LiDAR. The generic regression model for this data is:
Where STD represents the standard deviation value of the cells within the evaluation polygon, and M represents the matching coefficients. VAR indicates the variety value of the cells within the evaluation polygons, and N indicates the matching coefficients. CN represents the constant number in the equation.
Step 4 (Cross-Validation)
Cross-validation was applied to the 0.1524-meter (6-inch) aerial photography mode and the 1-meter LiDAR model. Generally speaking, 5% of the sample size should be used in cross-validation. However, due to the small sample size of 20 study sites for the 0.1524-meter digital aerial photography model, 6 additional randomlyselected validation sites were analyzed. For the airborne LiDAR model, 100 sites among 105 were used to build the model and 5 of them were used for crossvalidation. Cross-validation was not able to be performed for the 1 meter digital aerial photography model since no additional data were available beyond the 20 study sites.
The reference distress rate values for the validation sites are considered to be expected values. The model-generated distress rates for the validation sites were categorized as the observed values. T-tests and f-tests were then used to assess whether the expected values and observed values were statistically different from each other. At last, the R-square values were utilized as the comparison index to determine which model has the best prediction accuracy.
RESULTS AND DISCUSSION
Collinearity diagnostics showed that significant collinearity exists for both digital aerial photography models. Therefore, stepwise linear regression models were employed to reduce the effects of collinearity. For the 0.1524-meter model, the Rsquare value is 0.8426, meaning that the estimated model is able to accurately predict 84.26% of the data. Three variables, Mean Value for Band 1, Standard Deviation for Band 2, and Variety for Band 2, were excluded from the initial regression model because of insignificance and collinearity. The remaining variables in the regression model are significant at the 0.1 level. The expression of the 0.1524-meter model is:
Where MB i represents the mean value of the cells within the evaluation polygon (EP) for band i; MDB i denotes the median value of the cells within the EP for band i; STDB i represents the standard deviation of the cells within the EP for band i, and VB i indicates the variety value of the cells within the EP for band i.
Once the spectral response statistics within the evaluation polygons of the cross-validation sites were extracted, they were substituted into the equation above to obtain an observed distress rate. The expected values and observed values are listed in Table 1 . With the expected ODR and observed ODR, the t-test and f-test were performed. The results are summarized in Table 2 . The results showed that the expected values and observed values are not statistically different from each other. This implies that natural color aerial photographs with 0.1524-meter (6-inch) resolution could be used to determine overall pavement surface distress rates. For the 1 meter regression model, we first examined using only three bands, including visible blue, green and red. It resulted in a model with an R-square value of only 0.4753. This decline in agreement is believed to be due to the change in spatial resolution from 0.1524 meters (6 inches) to one meter. Although the coarser spatial resolution was expected to have a negative effect on the detection capabilities, the results show here that there is a significant threshold crossed between these two scales at least when using natural color aerial photographs. Therefore, the fourth band, near-infrared was added. The assumption was that the near-infrared band would bring in more distress information.
The regression model then was rebuilt using the full four band data set for 1 meter photographs (the near-infrared band included this time). The resulting model had an R-square value of 0.7085. Ten variables were excluded from the initial regression model due to insignificance and collinearity. All of the remaining variables in the regression model are significant at the 0.1000 level. The expression of the 1-meter aerial photography (AP) regression model is:
Due to the limitation of the data availability, no cross-validation could be performed for this regression model.
For the 1-meter LiDAR model, the R-square value is 0.6286. No variables were excluded from the initial model because of insignificance. The remaining variables in the regression model are significant at the 0.1000 level. The expression of the 1-meter LiDAR model is Once the elevation variation statistics of the cross-validation sites were extracted, they were substituted into the equation above to obtain observed overall distress rates. The expected values and observed values of the cross-validation mileposts are listed in Table 3 . 
CONCLUSIONS
The analysis here shows that all three remote sensing technologies can effectively predict and forecast the overall pavement distress rate for roadway segments for which ground reference values are unavailable. The 0.1524-meter (6-inch) model has the best agreement; however, the 1-meter aerial photographs with a near-infrared band can gather more pavement distress information even with a lower resolution (1-meter vs. 0.1524-meter). This is important since the lower the resolution, the lower the price to obtain. LiDAR data had the least accuracy (Rsquared value of 0.6286) to detect the pavement surface distress. In addition, it is even more expensive to acquire than the 6-inch aerial photography. However, LiDAR data are forgetting more and more popular in many fields, such as water resource management and forest management, which means the cost can be shared among different agencies. In addition, LiDAR data can detect elevation distresses, which the aerial photography cannot.
One limitation of this approach to measuring infrastructure conditions is that none of these technologies are able to assess detailed distresses, such as individual cracks. Vertical pavement surface distress cannot be detected by regularly digital aerial photography (with the exception of stereoscopic digital aerial photography). Although the accuracy of the LiDAR model is not comparable lower, it is still within the acceptable range (R-squared value of 0.6286). Time will affect the quality of the digital aerial photography since sun angles will affect the spectral response. Further study is needed to assess the sensitivity of time to detection accuracy. It is also necessary to perform sensitivity analyses to assess the effects of polygon creation on overall distress rate calculation.
While the technology was able to provide a reasonable measure of overall pavement surface conditions, there is still a need for further research to evaluate technologies that can detect detailed distresses.
